Abstract
Introduction
Local Binary Pattern (LBP) [1] has received noticeable attention in the face analysis community. As a non-parametric local descriptor, LBP was originally designed for texture description [2] , but later extended to face recognition and outperformed existing methods such as PCA, LDA and EBGM. Two most important properties of the LBP operator in real-world applications are its computational efficiency and robustness against monotonic gray-level changes. The former property makes it possible to analyze images in challenging real-time settings. LBP has also been applied to other research areas such as facial expression analysis [3] and background modeling [4] .
The basic principle of LBP is that a face can be seen as a composition of micro-patterns generated by the concatenation of the circular binary gradients. The statistical distribution (histogram) of these illumination invariant micro-patterns is used as a discriminative feature for identification. However, the LBP operator is, by design, suitable for modeling repetitive texture patches, and is therefore sensitive to random noise in uniform image areas. Considering that a holistic LBP histogramming retains only the frequencies of micro-patterns and discards all information about their spatial layout, Ahonen et al. [1] employed a spatially enhanced histogram for face recognition, which is extracted from evenly divided sub-regions of a face, followed by a histogram concatenation. This arbitrary spatial partition is not in accordance with local facial topology, and leads to loss of discriminative power.
In this paper, we propose to extract binary patterns from the neighborhoods of a sparse set of shape-driven points which are detected from edge map with rich information content on a face image. Both the number and the locations of the points vary with different individuals such that diverse facial characteristics of these individuals can be represented. To enhance the discriminative power of binary patterns, we also propose a Multidirectional Binary Pattern (MBP) to reflect binary patterns spanning multiple directions. The new representation is capable of describing both global structure and local texture, and also significantly reduces the high dimensionality of LBP histogram description. It inherits most of the other advantages of LBP such as computational efficiency and exemption from training. Besides, the proposed method can effectively alleviate the problem of sensitivity to random noise in uniform image areas, because MBP features are only extracted from the neighborhoods of the sparse points, which are generally non-uniform areas. Using a new MBP measurement, we performed an investigation and evaluation of the proposed method on publicly available AR face database [5] . A higher recognition accuracy than that of Directional Corner Point (DCP) [6] was obtained in our experiments, demonstrating the validity of this method on face recognition.
In the following, Section 2 and 3 present the proposed MBP representation and measurement respec-tively. Section 4 provides comparative experiments on AR database. The last section concludes the paper. 
Multidirectional Binary Pattern
where the thresholding function ( ) T x is defined as ( )
Sparse Points Detection
A sparse set of points representing the geometric structure are detected at positions which have rich edge information in a face image. The number of the sparse points and their locations can vary in order to better represent diverse facial characteristics of different individuals, such as dimples, moles, etc. We choose an edge detector from [7] , followed by the Dynamic Two-Strip algorithm (Dyn2S) [8] to obtain these points. Fig. 1 illustrates two examples of sparse points superimposed on the original face images.
Multidirectional Binary Pattern
After the sparse points are detected, MBPs are extracted from these point positions. A MBP is defined as a pattern set which consists of four bunches of directional binary patterns: Horizontal Binary Patterns (HBPs), Vertical Binary Patterns (VBPs), Ascending Binary Patterns (ABPs) and Descending Binary Patterns (DBPs). In other words, MBP is composed of binary pattern bunches collected from four different directions. Fig. 2 visually illustrates the positions covered by these four pattern bunches. Similar to LBP, the pixels in the neighborhood are thresholded with the value of the center pixel, and then linearly concatenated into four directional binary patterns as a local descriptor. One difference between MBP and LBP is that MBP is kept as original binary patterns, without being transformed into a decimal number for histogramming as is in LBP. It should be noted that although the four bunches of directional binary patterns may be derived from the same pixels, the pattern-level features they represent are different. This is demonstrated from the example in Fig. 3 . Mathematically, a MBP set takes the form
where HBP, VBP, ABP and DBP refer to the four bunches of directional binary patterns respectively, with each bunch containing N binary patterns of the length L. For instance, the bunch of HBPs can be represented as
where each HBP is composed of concatenated L binary values:
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Here ( , ) (1
represent the horizontally spaced pixels located at L N × positions in the neighborhood of the center pixel c I (see Fig. 2a ). Similar representations are applied to the remaining three bunches of directional binary patterns. Fig. 3 provides an example of obtaining two bunches of directional binary patterns 3, 3 HBP and 3, 3 VBP with the parameters 3 L = and 3 N = .
Point Correspondence from MBPs

Binary Pattern Distance
As a preliminary step, two distances are proposed to take measurement of two binary patterns (a model pattern disparity between two binary patterns, the pattern distance p d is measured by examining the Hamming distances of the model pattern and the test pattern with several bit-wise shifts. The minimal value of these distances is selected as p d . The shifting distance s d is defined as the number of shifting bits at which the pattern distance reaches the minimum. Fig. 4 provides examples of the proposed two distances. It is possible to assume that the pattern-level disparity originates from inter-class variation and the bit-wise shifting comes from intra-class variation. 
where
Here ρ is used to balance the contributions of p d and 
times. A positive k stands for a forward-shifting, a negative k stands for a backward-shifting, and when k equals 0, no shifting operation is performed.
( 0) K K ≥ is the bit-wise shifting limit. 
MBP Distance
, This measurement involves bit-wise shifting of local patterns in four different directions (see dashed arrows in Fig. 2 ). By using a small balancing factor ρ, it can provide robustness to small local feature distortion caused by intra-class variation.
This is a compound measurement composed of both structural and textural information. The weight λ balances the contributions of Euclidean distance and MBP distance. The cost function ( , ) D M T evaluates the degree of mismatch between two MBP sets by measuring the distance of the MBP of M that has the largest distance from any MBP of T, and vice versa.
Experimental Results
The proposed method is assessed on the publicly available AR face database [5] , which contains 120 complete set of images (65 men and 55 women). All the images are normalized and cropped to 160×160 pixels based on the manually labeled positions of two eyes. Two examples of the cropped faces are illustrated in Fig. 1 . We fix the MBP size as 8, 8 L N = = , the bit-wise shifting limit as 4 K = and the balancing factor as 0.1 ρ = in our experiments.
Determining λ
In Equation (10), the weight λ balances the contributions of structural and textural measurements. To determine λ, a series of preliminary experiments is performed using all the neutral expression faces in AR database. The model set is the neutral faces of the first session, and the test set is those of the second session. The top-one recognition rate against the weight λ is displayed in Fig. 5 . From the figure, it is found that the recognition rate reaches maximum when 160 λ = . The weight 160 λ = is used in the rest of the experiments. In the following, the MBP method is compared with the DCP method [6] under various situations, using the neutral faces in normal condition taken in the first session as the model set.
Face recognition results
The face images under controlled condition in the second session are first used to evaluate the proposed method. The comparative recognition accuracy is illustrated in Fig. 6 . Although the number of subjects used in this paper (120) is more than that in DCP (112), MBP still outperforms DCP.
To compare the performance with expression variations, the experiment is also performed on three different sets of images with smiling, angry and screaming expressions in the first session. The results listed in Fig. 7 show that the performance of MBP is much better than DCP under all three expression variations, especially under the screaming condition, where the improvement is over 20%. This can be explained by the robustness of MBP against local feature distortion.
We finally perform the experiment under three different conditions of illumination change: left light, right light and both lights on. Fig. 8 displays these experimental results. The recognition accuracy of MBP is noticeably above 90% when either left or right light on. This demonstrates that MBP is very tolerant to lighting changes. However, it is still sensitive to extreme lighting, which causes strong specular reflectance on the face skin and thus could erase some sparse points.
Conclusions
This paper proposes a new Multidirectional Binary Pattern (MBP) for face representation. Faces are modeled as a sparse set of shape-driven points with MBP attached on each point. The main contributions of the proposed method are: 1) Binary pattern bunches from multiple directions are collected to enhance the discriminative power of local features. 2) In stead of histogramming all the pixels of an image, local features are extracted from sparse points to reduce the storage demand. 3) A specially designed MBP measurement is proposed to evaluate binary patterns and establish point correspondence for face recognition. This study demonstrates that the proposed MBP method provides a new solution towards robust face recognition. 
